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ABSTRACT

The rapid development and deployment of vaccination drives have been crucial in controlling the pandemic.
However, monitoring and predicting adverse reactions following vaccination is essential to ensure public safety
and maintain vaccine confidence. This study utilizes the Vaccine Adverse Event Reporting System (VAERS) dataset
to predict the likelihood of mortality following COVID-19 vaccination, addressing the challenge posed by the highly
imbalanced nature of the dataset. Given the disproportionate ratio of mortality outcomes in the data, traditional
classification models show significant predictive bias towards the majority class. To mitigate this, under sampling
technique was applied to balance the classes before model training, aiming to enhance the performance of the
predictive models towards the minority class (Fatal event). After evaluation of random under sampler and Near-
Miss under sampler and it was found that Random under sampler is simple and effective solution on larger
datasets. Hence, as a further enhancement, a multi-objective stochastic search method combined with random
under sampling was proposed to achieve better F1 score and class distribution. As the performance of prediction
was affected by extreme outliers in the data, the proposed method was further enhanced with extreme outlier
handling method with window of (0.05 to 0.25). The proposed method achieved an accuracy and F1 score in the
range of (92-97%) with extreme outlier window (0.05). This work validates the hypothesis that presence of
under-represented patterns would contributes to misclassification and affects the performance of the model
confirming that our integrated outlier-handling approach effectively optimizes model robustness.

KEYWORDS: Stochastic search, under sampling, Pharmacovigilance, machine learning

INTRODUCTION

Vaccination based immunization has been seen as a successful way to ensure Global Health Security (GHS).
According to the World Health Organization (WHO), vaccines are providing protection against more than 20
life-threatening diseases from pneumonia to cervical cancer. Since 2010, 116 countries have started
immunizing their population with vaccines that were not previously administered. Day by day there are
plenty of innovations happening in the vaccine space. In order to successfully administer them to people
there is a need for collaboration in continuous development, deployment and monitoring. Monitoring these
programs at large scale involves managing massive volumes of heterogenous real-world data, which has
created necessity for automated, data-driven interventions. This is where Pharmacovigilance plays a pivotal
role by providing insights on the post vaccination adverse events (AEs), understanding temporal efficiency of
vaccines and analyzing the demand for early clinical intervention.

During pandemics like Corona Virus Disease 2019 global outbreak of the COVID-19 due to an immediate
requirement of global immunization, rapid authorization and deployment of multiple vaccines was done in
war mode. These vaccines have played a critical role in mitigating the spread of the virus and reducing
mortality rates associated with the disease. However, like all medical interventions, vaccines can cause other
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adverse reactions in some individuals, ranging from mild side effects to severe health outcomes, including
death. Monitoring these adverse reactions is crucial not only for ensuring public health and safety but also for
maintaining public trust in vaccination programs.

The Vaccine Adverse Event Reporting System (VAERS), established in 1990, plays a crucial role in
pharmacovigilance by serving as an early warning system to detect potential safety issues in vaccines
licensed in the U.S. Managed by the CDC and FDA, VAERS collects reports of adverse events following
vaccination, helping to identify unusual patterns that warrant further investigation. Although VAERS relies on
passive reporting, it is instrumental in monitoring vaccine safety and guiding public health responses,
especially during large-scale immunization efforts (Kaur & Gupta, 2020).

The VAERS database collects data on adverse events following vaccination from various sources, including
healthcare professionals, vaccine manufacturers, and individuals. As a passive reporting system, VAERS
allows anyone to submit reports of adverse reactions, with healthcare providers being mandated to report
specific events, and manufacturers required to report all adverse events they are aware of. The database
includes detailed information such as vaccine type, patient demographics, timing of the adverse event, and
the description of symptoms. Although VAERS does not establish direct causality between vaccines and
reported events, it serves as a valuable resource for identifying patterns and potential safety issues. The data
is publicly available, enabling researchers, public health officials, and the medical community to access,
analyze, and use it for vaccine safety monitoring and research. This transparency facilitates the detection of
rare or unexpected adverse events, driving further investigation and evaluation of vaccine safety (Al Khames
Agaetal, 2021; Jeyanathan et al., 2020; Riad et al., 2021).

The data collection approach in VAERS presents several challenges for machine learning analysis:

Passive Reporting Bias: Since VAERS relies on voluntary reports, the data can be incomplete or biased causing
data inconsistency. Some adverse events may be underreported, while others might be exaggerated, leading
to an imbalanced dataset. This can skew machine learning models, making it difficult to draw accurate
conclusions about vaccine safety.

Data Quality Issues: VAERS data often includes inconsistencies, missing values, and unstructured information.
These quality issues make it challenging to create reliable machine learning models, as algorithms depend on
clean and structured data for accurate predictions.

Non-Causal Data: VAERS does not determine causality between a vaccine and an adverse event, only
reporting correlations. This lack of causality can mislead machine learning models, which may interpret
correlated events as causal, leading to incorrect predictions or conclusions.

Class Imbalance: The data typically has a large number of records with no or mild adverse events and only a
small number of severe cases. This class imbalance can cause machine learning models to be biased toward
predicting the majority class (no adverse events), reducing the ability to accurately predict rare but
significant events.

Unstructured Data: Much of the information in VAERS reports, such as symptom descriptions, is in
unstructured text format. This requires advanced natural language processing (NLP) techniques, which can
be complex and may not always capture nuances, further complicating machine learning analysis.

Algorithmic Limitations: Standard oversampling techniques introduce synthetic noise, while many
undersampling approaches such as Near-Miss become computationally expensive due to the immense scale
of the VAERS database.

To address these limitations, this research proposes a novel algorithm: Extreme Outlier handled Stochastic
Random Under-Sampling (EOSRUS). Unlike traditional approaches, EOSRUS integrates a multi-objective
stochastic search mechanism that iteratively optimizes the balance between majority class reduction and
outlier preservation. By binning and removing extreme model outliers defined as misclassified samples
falling outside specific probability thresholds our method enhances the precision of adverse event prediction
while retaining the computational efficiency required for large scale deployment.

The contributions of this work are three fold:
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The EOSRUS Algorithm: A robust, scalable undersampling framework that explicitly mitigates the extreme
outlier issues found in standard random sampling.

An End-to-End Predictive Pipeline: An automated ML architecture that integrates structured and
unstructured features (via TF-IDF and NLP) to classify vaccine adverse events with high precision.

Empirical Validation: A comprehensive evaluation against state-of-the-art baselines with PyCaret models,
demonstrating that EOSRUS achieves superior Fl-score performance, particularly when deployed with
ensemble classifiers.

OBJECTIVE

The primary objective of this research is to develop a robust sampling strategy to mitigate class imbalance in
the VAERS dataset, thereby enhancing the predictive efficacy of machine learning models. While class
imbalance can be addressed through various techniques such as oversampling, undersampling, and balanced
ensemble learning this study focuses on advancing undersampling methodologies. Undersampling is
prioritized for its superior computational efficiency and scalability, which are critical when processing the
high-volume, real-world data characteristic of pharmacovigilance. Specifically, this work introduces the
'Extreme Outlier Handled Stochastic Random Under-Sampling' (EOSRUS) algorithm, designed to improve F1-
score performance by iteratively optimizing the balance between majority-class reduction and the
preservation of representative, non-outlier data points.

TECHNIQUES TO HANDLE CLASS IMBALANCE IN MACHINE LEARNING
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Fig 1. Classification of data resampling and algorithm level techniques for addressing data class imbalance in
skewed datasets during machine learning
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Numerous studies have investigated predictive analysis using the VAERS dataset. Depending on the
methodological approach, most research has utilized machine learning and deep learning classifiers. Recent
works started leveraging the advantages of transformer models and Language models in the predictive
modeling space.

Early work employed classical machine learning classifiers on VAERS for adverse-event extraction. For
instance, Saad et al. (2022) developed a voting-ensemble classifier (ER-VC) combining Extra-Trees and
Logistic Regression to predict death risk post-COVID-19 vaccination, thereby improving soft-voting
performance. Similarly, Botsis et al. (2011) utilized text-mining pipelines incorporating rule-based and
machine learning classifiers (e.g., SVM, Random Forest) to automate anaphylaxis detection in HIN1 VAERS
narratives. Subsequent research has expanded these methods to predict various adverse events, including
morbidity, hospitalization, and mortality (Ahamad et al, 2022; Flora et al, 2022; Ravindranath &
Balakrishnan, 2023). While machine learning (Gupta & Verma, 2023) and deep learning models (Du et al,,
2021) have demonstrated utility in these predictions, challenges persist regarding class imbalance and the
inherent noise in reporting data (Flora et al., 2022). Albayati and Altamimi (2023) reported that while
Decision Tree models achieved an accuracy of approximately 91.3%, precision and recall were notably
compromised by class imbalance.

To address the issue of class imbalance, Saad et al. (2022) employed oversampling methods such as SMOTE,
which significantly improved accuracy to 98%. However, oversampling introduces synthetically generated
scenarios that may deviate from the underlying data patterns; additionally, these methods increase dataset
size by scaling the minority class to match the majority count, which can lead to computational inefficiency.

In another approach, Okamoto et al. (2023) applied Random Under-sampling with a Light Gradient Boosting
Machine baseline to evaluate predictions against human-annotated responses. Their findings highlighted that
an accuracy of 100% was unattainable due to the real-time bias inherent in machine learning models,
reinforcing the necessity for explainable artificial intelligence.

The VAERS dataset contains mixed data types, including categorical, numerical, and free text. Techniques
such as TF-IDF with NLP, Named Entity Recognition, and Bag-of-Words have been employed to transform this
data into a tabular format (Wunnava et al.,, 2018). As summarized in Table 1, a diverse range of machine
learning, deep learning, and generative Al models have been utilized for prediction. While generative Al
models have demonstrated superior predictive performance compared to traditional machine learning, their
"black box" nature remains a constraint regarding explainability. Although reasoning models are proposed as
an alternative, they remain prone to hallucinations. Consequently, in clinical decision-making, the selection of
explainable algorithms remains a high priority.

Table 1: Comparative Summary of VAERS-Focused Prediction Studies to systematically analyze literature on
predictive modeling and preprocessing for the Vaccine Adverse Event Reporting System (VAERS), relevant
studies are synthesized below. Table 1 provides a comparative overview of key methodological paradigms,
study designs, performance metrics, and identified limitations or research gaps.

Approach Type @ Study Methodology Key Results Gaps / Limitations
(Year)
Named-Entity Duetal. Ensembled CRF + Bi-LSTM + = Ensemble Focused on entity-level
Recognition (2021) BioBERT + VAERS-BERT for | micro-F1: 0.68 extraction for a single
NER of nervous system (exact/strict), disorder (GBS/influenza);
disorder entities on 91 0.81 (lenient) no report-level
annotated GBS-related classification or class
influenza VAERS reports imbalance handling.
(1990-2016)
LLM-based Lietal. GPT-2, GPT-3 variants, GPT- = AE-GPT (fine- Small dataset (91 reports);
Classifiers (2024) 3.5, GPT-4, and LLaMA-2 tuned GPT-3.5) limited to GBS/influenza
evaluated (pretrained and micro-F1: 0.704  VAERS reports; LLMs are
fine-tuned) for NER-based (strict), 0.816 blackbox models.
AE extraction on same 91 (relaxed)
VAERS reports; fine-tuned
GPT-3.5 proposed as AE-GPT
Predictive Saad et | TF-IDF features + novel Accuracy: 0.85, Synthetic samples require
Classification al. Extreme Regression Voting Precision: 0.85, validation; no outlier
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with
Oversampling

Exploratory ML
Analysis (no
predictive
classification)

Imbalanced
Classification
with Improved
Undersampling

Predictive
Classification
with
Oversampling
(Morbidity)

NLP + ML for
Hospitalization
Prediction

Ensemble LLM +
Deep Learning
for AE
Extraction

(2022)

Flora et
al.
(2022)

Chen et
al.
(2022)

Ahamad
et al.
(2023)

Tiwari
etal.
(2024)

Li et al.
(2025)

International Journal of Artificial Intelligence and Machine Learning

Classifier (ER-VC combining
LR and Extra Trees) on
COVID-19 VAERS data;
SMOTE and ADASYN
oversampling for multi-class
death risk prediction
Unsupervised ML
(association rule mining,
self-organizing maps,
hierarchical clustering,
bipartite graphs) on 643,522
COVID-19 VAERS reports for
AE pattern discovery; online
survey of 211 participants

Class-imbalance learning for
predicting hospitalisation
from AEFI (adverse events
following immunisation)
data; compared SMOTE,
RUSBoost, and improved
RUSBoost variants; features
extracted from structured
clinical and demographic
fields

Multiple ML classifiers
(XGBoost, Random Forest,
SVM, Logistic Regression,
etc.) trained on VAERS
COVID-19 data with medical
history features; statistical
feature selection; no explicit
resampling — class
imbalance addressed via
algorithm-level cost
sensitivity

NLP (Sentence-BERT
embeddings) + ML classifiers
(SVM, Random Forest,
XGBoost) on VAERS COVID-
19 narrative text to predict
hospitalization; SMOTE
applied for oversampling;
TF-IDF and sentence
embeddings compared

Ensembles of fine-tuned
LLMs (GPT-2, GPT-3.5, GPT-
4, LLaMA-2 7b/13b) and
traditional deep learning
models (RNN, BioBERT) for
NER-based AE extraction
from VAERS reports (n=621)
and social media (Twitter,
Reddit); evaluated on

Recall: 0.85, F1:
0.84 (TF-IDF +
SMOTE). ER-VC
obtained
accuracy 0.98.

No classification
metrics
reported;
identified top 20
AEs, cross-
manufacturer
patterns, and
duplicate-
removal impact
(~7% variation)
Improved
RUSBoost
achieved AUC
0.83,
outperforming
vanilla SMOTE
and standard
RUSBoost;
deployed as a
web-based
clinical decision
support tool
Best classifier
accuracy >90%
for
complication-
free vaccination
prediction; age,
gender,
comorbidities
(diabetes,
hypertension,
heart disease)
identified as top
predictors

Best model
(XGBoost +
Sentence-BERT
+ SMOTE)
achieved F1
~0.87 for
hospitalization
prediction

Ensemble
achieved strict
micro-F1: 0.903;
entity-level
strict F1: 0.878
(vaccine), 0.930
(shot), 0.925
(AE)

handling and iterative
model refinement.

Observational/exploratory
only; no predictive model
built; limited to structured
VAERS fields; passive
reporting biases
unaddressed

Random undersampling in
RUSBoost discards
majority samples
indiscriminately without
identifying hard-to-classify
or overlapping boundary
instances; no threshold-
level outlier removal

No explicit data-level
resampling applied;
severely imbalanced
minority class
(death/serious AE) not
robustly handled; extreme
outlier reports with
ambiguous labels not
removed prior to training

SMOTE generates
synthetic narratives from
minority class without
verifying clinical
plausibility; misclassified
borderline and extreme
outlier reports remain in
the training set, degrading
decision boundary
learning

Dataset heavily skewed
toward non-AE tokens;
rare and ambiguous AE
mentions — particularly
low-frequency severe
outcomes — remain
misclassified even in the
best ensemble; no data-
level resampling or outlier
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vaccine, shot, and AE entity filtering applied
types
Boundary- Abuzeid = Progressive Clustering PCU Validated on
Aware et al. Undersampling (PCU) consistently petroleum/anomaly
Undersampling | (2026) removes majority-class outperformed detection datasets, not
for Rare Event instances distant from random pharmacovigilance;
Detection minority-class boundary undersampling, = extreme outlier instances
compared against 8 SMOTE, and (persistently misclassified
undersampling and 2 other baselines | across threshold
oversampling methods on on severely iterations) not explicitly
highly imbalanced, noisy imbalanced and | identified or removed
datasets; frequency-driven noisy data; two | before boundary sampling
decision boundaries used outputs
optimised
separately for
F1 and
precision

Based on the gaps and findings from the literature, it is found that while scalable resampling techniques
prioritize computational efficiency, they often lack the granularity to navigate the complex decision
boundaries of highly imbalanced datasets. Conversely, sophisticated boundary-aware methods frequently
impose huge computational costs when applied to the huge, real-world data like VAERS. Consequently, a
critical research gap persists for a framework that is simultaneously scalable, robust to reporting noise, and
sensitive to boundary-informative samples. This work addresses this research gap by introducing the
Extreme Outlier Handled Stochastic Random Under-Sampling (EOSRUS) algorithm. By integrating a multi-
objective stochastic search with probabilistic outlier binning, EOSRUS is designed to bridge this gap,
providing a novel, computationally efficient solution that preserves the integrity of minority-class patterns
while effectively mitigating the distortive influence of extreme outliers and reporting noise.

PROBLEM STATEMENT

Addressing class imbalance in the massive VAERS dataset requires a computationally efficient, scalable
strategy. While oversampling relies on generating synthetic data which may misrepresent underlying
patterns, undersampling preserves actual data by reducing the majority class to match the minority class.
However, existing undersampling methods present a trade-off: boundary-aware techniques like Near-Miss
are computationally expensive for large-scale datasets, whereas simple random undersampling is fast but
vulnerable to noise and outliers. Consequently, there is a critical need for a robust undersampling framework
that maintains the computational speed of random undersampling while incorporating an intelligent
mechanism to filter out outliers and prevent biased sample selection. This research addresses that need by
designing a method that balances efficiency with predictive accuracy.

CONTEXT: Massive Imbalanced Dataset (e.g., VAERS data)

v

| MAIN GOAL: Optimize Training Dataset for Enhanced Predictive Modeling on Imbalaned Data. |

v

['PROPOSED PRIMARY OBJECTIVE: Develop and Execute a Multi-Objective}

Stochastic Search and Iterative Refinement Pipeline.

——e W e

SEARCH OBJECTIVE 1 SEARCH OBJECTIVE 2 SEARCH OBJECTIVE 3
(Maximize F1): Maximize (Minimize Outliers): (Optimal Balance): Achieve
Evaluation Model F1-Score. Mitigate Outliers and Noise Optimal Ciass Balance using Stratified

[ using Density-Based Filtering. Random Under-Sampling (RUS).
A - v
SUB-OBJECTIVE: Ensure o  SUB-OBJECTIVE:Provide
Scalability and High Speed. d "| Stochastic Outlier Mitigation.

| RESULT: High F1, Balanced, Representative, Outlier-Free Training Subset. |
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Fig 2. The objective behind the proposed improved Random under-sampling technique for class imbalance
handling.

Proposed methodology

An improved random under-sampling strategy is proposed, in which a multi-objective stochastic search is
utilized to enhance machine learning performance. The iterative refinement logic of Recursive Feature
Elimination (RFE)—in which features are systemically reduced based on predictive thresholds—is adopted,
and this principle is extended to the instance space through the iterative refinement of the training subset. To
mitigate biased sample selection, a stochastic search is employed across T=100 iterations. Each random
subset is evaluated by a multi-objective fitness function, through which higher F1-scores, outlier
minimization, and optimal class balance are prioritized. An extreme outlier binning module is integrated into
this process. The classifier's predicted probability scores are examined against ground-truth labels; for a
binary classification, it is assumed that a sample labeled 'Y' should ideally score near 1.0, and 'N' near 0.0.
When window size is set as 0.05, the misclassified instances with prediction scores within the confidence
window [0.05, 0.95] are retained, while the extreme 0.05 tails which represent samples consistently
misclassified by the model are excluded. By pruning these high-confidence outliers, noisy instances are
removed, and the distortion of the decision boundary is prevented.

Overall Architecture of the Proposed EOSRUS Solution
2. STOCHASTIC ITERATIVE REFINEMENT & EXTREME
OUTLIER BINNING MODULE (EOSRUS LOOP)
T= 100 Iterations
¥ ]
PRE-:R%:?S‘SING —0- D, = RandombnderSampie{D)
MODULE ' % | 3. FINAL MODEL
Train Base Classifier % TRAINING MODULE
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Fig 3. The overall architecture of the proposed under sampling solution EOSRUS under sampling algorithm

The overall architecture of the proposed EOSRUS solution is illustrated in Fig. 4. The system is structured into
four distinct modules: Data Pre-processing, Stochastic Iterative Refinement, Extreme Outlier Binning, and
Final Model Training. In the Data Pre-processing module, raw VAERS records are structured and cleaned to
facilitate feature extraction. The architecture’s novelty is centered within the Stochastic Iterative Refinement
loop. In this stage, random subsets of the majority class are sampled across T iterations. A base classifier is
trained on these subsets to facilitate Extreme Outlier Binning, where probabilistic prediction scores are
compared against ground-truth labels. Instances falling outside the defined confidence window [W] are
flagged as extreme outliers and excised. Finally, the subset that yields the highest F1-score is identified
through the multi-objective fitness function and is established as the optimal training dataset for the final
predictive model.

Proposed Algorithm | Extreme Outlier Handled Stochastic Random Under-sampling (EOSRUS)
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Input: dataset D, iterations T=100,
windows W=[0.05,0.10,0.15,0.20,0.25], classifier: LR

BestF1=0

BestWindow = None

BestUndersampledData = None

For each win W:

Fort=1to T:

D_rs = RandomUnderSample(D) // balance classes
Modell = TrainClassifier(D_rs)
Outliers =]
For each (x_i, y_i) in D_rs:

p = Modell.predict_proba(x_i)

Ify_i=="A"and p[B] >=0.5 + w:
Outliers.append((x_i, y_i))

Else ify_i =="'B'and p[B] <= 0.5 - w:
Outliers.append((x_i, y_i))

D_clean = D_rs without Outliers
Model2 = TrainClassifier(D_clean) // retrain on cleaned data

F1_score = WrapperF1(Model2, D_clean)
// evaluate candidate subset

If F1_score > BestF1:
BestF1 = F1_score
BestWindow = w
BestUndersampledData = D_clean

Return BestWindow, BestF1, BestUndersampledData

// Final model evaluation
Split BestUndersampledData into D_train (70%) and D_test (30%)

FinalModel = TrainClassifier(D_train)
FinalPredictions = FinalModel.predict(D_test)
FinalF1 = ComputeF1(D_test.labels, FinalPredictions)

Return BestWindow, BestF1, BestUndersampledData, FinalF1

Experimental setup

The experimental setup is based on a Python working environment, utilizing the PyCaret framework for
handling machine learning classification models. PyCaret's automated machine learning (AutoML)
capabilities simplify the process of training multiple models and evaluating their performance.

Dataset Description:

The Vaccine Adverse Event Reporting System (VAERS) dataset found on Kaggle is a public, open-access
resource that compiles self-reported post-vaccination adverse events in the United States. VAERS is
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maintained by the CDC and FDA to monitor vaccine safety, and is updated regularly to capture potential
signals from both routine immunizations and large-scale vaccination campaigns, such as COVID-19.
The dataset contains the following feature categories

@ VAERSDATA: Contains core report metadata for each event (age, sex, location, vaccination date, onset
date, vaccine manufacturer, outcomes such as death, disability, recovery, hospitalizations, etc.).

@ VAERSSYMPTOMS: Lists up to five coded signs, symptoms, or diagnoses per report, using MedDRA
terms.

@ VAERSVAX: Provides details of the vaccines administered in each report, including manufacturer,
dose, lot number, and type.

Typically, serious adverse events (death, life-threatening condition, disability, hospitalization, or congenital
anomaly) constitute about 5-15% of all VAERS submissions, while the remaining 85-95% are non-serious or
mild adverse events. This severe skew means that standard classification models tend to be biased toward
predicting the majority (non-serious) class unless techniques such as under-sampling, oversampling, or cost-
sensitive learning are applied.
Data Pre-processing: The dataset is first pre-processed, ensuring clean, structured data with balanced or
under-sampled classes to address the class imbalance issue. The EOSRUS algorithm is used to iteratively
sample subsets of the data for training, ensuring an optimal balance of diversity, low outlier presence, and
class ratio.
Machine Learning Models: PyCaret package is used to train the following classification models, all using
default hyperparameters provided by PyCaret by disabling auto pre-processing. These models are run on
both the original and under-sampled datasets for comparison.

Evaluation Metrics: After training, the models are evaluated using common classification metrics. These
metrics help in assessing the model's ability to generalize across different classes, especially for imbalanced
datasets. The metrics include:

Metric Formula Description

Accuracy Accuracy=(TP+TN)/(TP+TN+FP+FN) Measures the overall correctness of the model by
computing the ratio of correctly predicted
instances to the total number of predictions.

Precision Precision=TP/(TP+FP) Represents the number of true positive
predictions out of all positive predictions,
highlighting the model's ability to avoid false
positives.

Recall Recall=TP/(TP+FN) Measures how well the model captures the actual
positives in the dataset, useful in understanding
the model's ability to minimize false negatives.

F1Score F1=(2xPrecisionxRecall)/(Precision+Recall) The harmonic mean of precision and recall,
providing a balanced measure when precision
and recall are not equally important. Ideal for
imbalanced datasets.

Evaluation Process: The best subset of data, identified from the iterative process, is fed into each classification
model. Each model’s performance is assessed using the above metrics. Comparisons are drawn between
models using these metrics to determine the most suitable classifier for the undersampled dataset. The model
with the highest F1 score is considered optimal due to the focus on both precision and recall.

Iterative Process: The iterative undersampling algorithm is tested by varying N (number of iterations) to
assess its impact on the final sample's quality.The performance of models trained on these subsets is
compared against models trained on the full dataset to assess the effect of undersampling on classification
performance.

Cross-Validation: Each model is subjected to k-fold cross-validation (default k=10 in PyCaret) to ensure that
performance metrics are not overfitted to the training set and generalize well to unseen data. This helps in
obtaining a robust estimate of model performance. For each fold, the training and validation sets are split
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randomly, and the same evaluation metrics (accuracy, precision, recall, and F1 score) are computed. The
mean values of the evaluation metrics across all folds are recorded to summarize the model’s overall
effectiveness.

Model Tuning: After evaluating the default performance, PyCaret’s auto-tuning capabilities can be used to
fine-tune hyperparameters of the best-performing models, such as adjusting the number of trees for Random
Forest, boosting parameters for XGBoost, or changing the kernel type for SVM. This tuning helps optimize
model performance further and is repeated over the best subsets generated by the iterative undersampling
algorithm.

RESULTS AND EVALUATION

In the study, two key experiments were conducted to assess the effectiveness of under -sampling techniques
for handling imbalanced datasets. First one was to compare the performances of Random Undersampling vs.
Near Miss Undersampling to evaluate their impact on model performance when addressing data imbalance.

Random Undersampling (RUS): The key advantage of RUS is its simplicity and computational efficiency. This
method Randomly subsample the majority class so that the number of majority samples matches (or
approaches) the number of minority samples.

Let D = Dmaj U Dmin , Dmaj is the majority-class subset and Dmin is the minority-class subset.
|Dmaj| = Nmaj' and |Dmin| = Nmin
The random under-sampled set Dmaj(and) is obtained by:

D(rand)

maj

= RandomSample (D, Nmin) (1)

The final balanced dataset is:

D' = DS U Dy (2)
where |Dg:;‘d)| = |Din|

Near Miss Undersampling: This method selects majority class samples that are closest (in terms of distance)
to the minority class, preserving samples that are more challenging to classify.

Let each majority sample xi in Dm3 have K-Nearest Neighbors in the minority class. Compute the average
distance:

- 1 j
A7) =% lxi = NN Gl 3)
where NNr(rjl)in (x;) is the jth nearest minority neighbor to (x;).
Select the Nmin majority samples with the lowest d (x;):

DI = {x; 1 X; € Dpnajr } 4)

maj

Final dataset:

D'=D™™yp,,, (5)

maj

Both under-sampling methods yield a balanced dataset, but Near miss is boundary-aware, while random
under-sampling is agnostic to sample location. This makes the algorithmic Near miss lesser scalable than
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Random Under-sampling. Random Under-sampling works irrespective of the data types whereas Near Miss
requires the inputs to be numeric to compute K-NN Calculations.

In Table 1, the performance of both the Near miss and Random Under-sampling in the vaccine adverse event
(survival) was conducted and tabulated.

Table 2. Comparison of performance of Near miss (NM) and Random under-sampling (RUS) algorithm

Model Accuracy_Nm Accuracy_RUS Recall_Nm Recall_RUS Prec_Nm Prec_RUS F1_nm F1_RUS

Ada Boost | 0.86 0.85 0.85 0.87 0.86 0.84 0.85 0.85
Classifier
Decision 0.86 0.85 0.85 0.86 0.87 0.84 0.86 0.85
Tree
Classifier
Extra 0.87 0.85 0.86 0.87 0.87 0.84 0.86 0.85
Trees
Classifier
Extreme 0.87 0.86 0.86 0.89 0.87 0.84 0.87 0.86
Gradient
Boosting
Gradient 0.86 0.86 0.87 0.89 0.85 0.83 0.86 0.86
Boosting
Classifier
K Nearest | 0.84 0.84 0.81 0.86 0.86 0.82 0.84 0.84
Neighbor
S
Classifier
Light 0.86 0.86 0.86 0.89 0.87 0.84 0.86 0.86
Gradient
Boosting
Machine
Linear 0.85 0.85 0.84 0.87 0.86 0.83 0.85 0.85
Discrimin
ant
Analysis
Logistic 0.85 0.85 0.85 0.87 0.86 0.84 0.85 0.85
Regressio
n

Naive 0.66 0.82 0.33 0.92 0.96 0.77 0.49 0.84
Bayes
Quadratic | 0.67 0.73 0.42 0.98 0.87 0.65 0.55 0.78
Discrimin
ant
Analysis
Random 0.87 0.85 0.86 0.87 0.87 0.84 0.87 0.85
Forest
Classifier
Ridge 0.85 0.85 0.84 0.87 0.86 0.83 0.85 0.85
Classifier
SVM - 0.85 0.85 0.83 0.86 0.86 0.84 0.85 0.85
Linear
Kernel

Considering the F1 score, it is evident that the under-sampling improves the prediction scores by handling
class imbalance. While comparing the historical performance of vaccination adverse events, it is noticed that
there is no significant improvement happening in terms of accuracy after under-sampling. Moreover the
performance of Near miss algorithm in Table 1 and random under-sampling algorithm appears almost
similar. In Fig.2, the Area under the curve scores reiterates it. Hence for large datasets like VAERS, the
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Random under-sampling is found as advantageous due to the ease of scalability and random selection
without bias.

Comparison of AUC | Near Miss vs Random
Undersampling
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Fig 4. Comparison of Area Under the curve across different classifiers after Near miss and Random under-
sampling

While choosing random samples, there could be under representation of certain class level data patterns in
the dataset. These under represented samples are contributing to misclassification and creates confusion to
the model in learning other related patterns. As discussed in the proposed model section, these noisy samples
are considered as outliers. In this experiment, it was assumed that handling the extreme outliers with
distribution rebalancing or binning would improve the performance of the model. An extreme outlier binning
module is attached the proposed Stochastic random under-sampling algorithm to remove these noisy
samples. In Experiment 2 the Random Under-sampling is compared with the proposed Extreme Outlier
Handled Stochastic Search-based Under-sampling. The goal of the proposed method is to retain the speed of
Random Under sampling while improving the quality of the selected samples to optimize performance. This
approach iteratively selects random subsets of the majority class, but the selection is guided by the
improvement in F1 Score described previously.

The fitness function considers F1 score to improve the overall quality of the training data. By using multiple
iterations (controlled by the parameter N), the method explores various sample subsets and selects the one
with the best fitness score, ensuring the sample is diverse and representative of the original dataset.

Evaluation: After running the stochastic search for multiple iterations, the best subset is identified and used
to train the machine learning models. These models' performance is compared against the performance of
models trained on the randomly under sampled dataset. Accuracy, Precision, Recall, and F1 Score are
calculated to assess the impact of this improved approach on both the minority and majority class. The key
comparison is whether the stochastic search-based method improves the F1 score and other metrics
compared to simple Random Under sampling, indicating better handling of data imbalance with reduced bias
and enhanced minority class representation.

The size of the VAERS Dataset taken is 659,946. This size is achieved after handling noise, ambiguity and
redundancy in the raw data. The distribution of positive class of the target ‘Survival Status’ is skewed
compared to the negative class. This distribution happens to be skewed always because in reality, the
ultimate aim of mass vaccinations is to protect people from lethal adverse events. Hence, while under-
sampling only (3-4%) of samples were retained by the random under-sampling algorithms. There are 33
columns in the data which comprises of symptoms, age group and historic factors converted into numeric
values by TF-ID and one-hot encoding methods. The ambiguity in the data was handled using traditional NLP
techniques. Through frequency based feature selection top 5 symptoms were chosen among the obtained
symptoms to avoid noise due to data sparsity.
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As discussed in the pseudocode, the EOSRUS works with a windowing function that bins the extreme model
outliers. According to the binning window ranges [0.05,0.10,0.15,0.20,0.25], there was a difference in the
number of training and test samples used in the model training and evaluation. Still, the distribution of class
is not considerably affected as shown in Table 2. Often the test data mentioned in Table 2 is confused with
the test data used during the EOSRUS undersampling. The transformed training and testing data are splitted
from the undersampled data which is obtained after applying RUS and EOSRUS on the actual VAERS data. By
this way the data leakage issue was handled in the experiment.

Table 3. The distribution of data and splits in various windows of EOSRUS is tabulated.

Description RUS EOSRUS | EOSRUS | EOSRUS | EOSRUS | EOSRUS
(0.05%) | (0.10%) | (0.15%) | (0.20%) | (0.25%)

Target type Binary | Binary Binary Binary Binary Binary

Selected columns 33 33 33 33 33 33

Transformed data 23138 | 22025 21503 21299 20762 20459

shape

Transformed train 16196 15417 15052 14909 14533 14321

set shape

Transformed test set | 6942 6608 6451 6390 6229 6138

shape

Table 4. Variation of accuracy of Machine learning algorithms in survival prediction in different Extreme
Outlier handling windows of the proposed EOSRUS under-sampling technique

EOSRUS: Accuracy W=0.05 W=0.10 W=0.15 W=0.20 W=0.25
Ada Boost Classifier 0.97 0.96 0.93 0.92 0.90
Decision Tree Classifier 0.96 0.96 0.93 0.92 0.90
Extra Trees Classifier 0.97 0.96 0.93 0.92 0.90
Extreme Gradient Boosting 0.97 0.96 0.93 0.92 0.90
Gradient Boosting Classifier 0.96 0.96 0.93 0.92 0.90
K Neighbors Classifier 0.95 0.95 0.92 0.91 0.89
Light Gradient Boosting Machine 0.97 0.96 0.93 0.93 0.90
Linear Discriminant Analysis 0.95 0.94 0.92 0.91 0.89
Logistic Regression 0.96 0.96 0.93 0.92 0.90
Naive Bayes 0.93 0.90 0.88 0.90 0.85
Quadratic Discriminant Analysis 0.92 0.81 0.80 0.90 0.76
Random Forest Classifier 0.96 0.96 0.93 0.92 0.90
Ridge Classifier 0.95 0.94 0.92 0.91 0.89
SVM - Linear Kernel 0.96 0.96 0.93 0.92 0.90

The experimental results from applying the Extreme Outlier Handled Stochastic Random Under-sampling
(EOSRUS) algorithm show the classifier accuracy values across different extreme outlier handling window
sizes (W) and various machine learning algorithms. These results deliver critical insights into how EOSRUS
affects model performance in handling imbalanced datasets like VAERS.
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Fig.5 Comparison of F1 scores of various classification models in the different windows of EOSRUS

Among the various classifiers, XGBoost classifier has performed better with highest F1 score of 96.80%,
hence the XG boost is fine tuned for better performance. In the Training process, there is a considerable
reduction in delta between training and cross validation performance, indicating the increase in the class
distribution contributing to better prediction performance. This is indicates that the algorithm neither
underfit nor overfit during the prediction process.

Learning Curve for XGBClassifier
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Observations:

Effect of Outlier Handling Window (W) on Accuracy: The window W sets the threshold for defining “extreme
outliers” in predicted class probabilities. Lower W values (e.g, 0.05) mean fewer samples are flagged as
outliers and removed, leading to minimal data loss and higher accuracy overall. As W increases (up to 0.25),
more samples are removed as outliers, which reduces training data size and can cause underfitting or loss of
important information. This is reflected by a general decline in accuracy across classifiers as W grows due to
loss of data while binning.

Classifier-Specific Performance Patterns: Ensemble classifiers such as AdaBoost, Extra Trees, Extreme
Gradient Boosting, Gradient Boosting, and Random Forest sustained high accuracy (~0.96-0.97) at low W and
showed a moderate decrease as W increased. Tree-based models and boosting methods demonstrated

Vol.6, No.9s, 2026 1337


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

robustness to under-sampling and outlier removal, possibly due to their ability to handle nonlinearities and
variance through ensemble averaging. Parametric models such as Naive Bayes and Quadratic Discriminant
Analysis (QDA) showed more significant accuracy drops at higher W, indicating greater sensitivity to data
reduction and distributional assumptions. QDA fell as low as 0.76 accuracy at W=0.25. Models like Logistic
Regression, SVM (Linear Kernel), and Ridge Classifier maintained relatively high accuracy with moderate
sensitivity to W changes, offering stable baseline performance. The F1 Score comparison shows a similar
pattern confirming the sensitivity to W changes across different classifiers.

Optimal Outlier Window Setting: The best accuracy and F1 Score for almost all classifiers occurs at W = 0.05,
where only the most extreme misclassified samples are removed. This suggests a conservative outlier
removal strategy best balances robustness and information preservation for VAERS data. Larger windows
progressively remove more data points, likely pruning informative samples along with true outliers,
damaging model performance.

Algorithm Ranking by Accuracy (at W=0.05) Highest accuracies (20.97): AdaBoost, Extra Trees, Extreme
Gradient Boosting, LightGBM (all ensemble learners) obtained higher accuracy and F1 Score but slightly
lower accuracy and F1 Score (~0.95-0.96) were noticed in Logistic Regression, SVM, Random Forest, Decision
Tree, Ridge Classifier. Lowest accuracies (~0.92-0.93) was seen in QDA, Naive Bayes.

CONCLUSION

This study presents Extreme Outlier Handled Stochastic Random Undersampling (EOSRUS) as an effective
approach to address the persistent challenge of class imbalance in VAERS dataset classification, specifically
for predicting post-vaccination adverse events using bag-of-words features and traditional NLP. By
integrating stochastic random under-sampling with targeted removal of extreme outliers samples highly
likely to be misclassified based on classifier confidence EOSRUS improves the model’s robustness and
predictive performance. Experimental results across a diverse set of classifiers demonstrate that carefully
tuning the extreme outlier handling window (W) enables a balanced trade-off between noise reduction and
training data retention. Ensemble methods, particularly AdaBoost, Extra Trees, and Gradient Boosting
variants, show superior accuracy and stability, benefiting most from EOSRUS at lower window thresholds (W
= 0.05). In contrast, more sensitive parametric models experience performance degradation at higher W
values, underscoring the importance of conservative outlier pruning. The evaluation confirms that EOSRUS
enhances the overall predictive capability of machine learning models on highly imbalanced VAERS data, a
critical factor in reliable post-vaccination adverse event detection. Importantly, this approach combines the
computational efficiency of random under-sampling with principled outlier elimination, avoiding the pitfalls
of synthetic oversampling techniques. Despite its demonstrated utility, the EOSRUS approach as applied to
VAERS data with traditional NLP features has several important limitations:

@ Information Loss from Under-sampling: Random under-sampling, even when combined with
outlier removal, can discard informative majority-class examples. This may lead to underfitting or
reduced generalizability, particularly when the discarded cases include borderline or complex
samples critical for learning subtle decision boundaries.

@ Sensitivity to Window Hyperparameter (W): Performance depends heavily on the correct
choice of the outlier window (W). If set improperly, either too many or too few samples are
removed, impairing the model’s ability to learn from difficult instances or adequately suppressing
noise. There is no universally optimal W, so extensive tuning is required for each context or dataset
variant.

@ Classifier and Feature Dependency: The method primarily boosts performance of ensemble
models with bag-of-words features. Its effect may differ for deep learning architectures,
transformer-based embeddings, or highly imbalanced multi-class targets, which were not explored
in this work.

@® Computational Overhead from Iterative Procedure: EOSRUS involves repeated (stochastic)
under-sampling, model training, and outlier removal across multiple window settings and
iterations, which can be computationally intensive for very large-scale or real-time datasets.

@ Potential for Over-Pruning: Removing all extreme outliers assumes these are always true
mislabels or noise, but in practice, some may be difficult-yet-informative cases. Excessive pruning
risks biasing the model away from recognizing challenging adverse event patterns.

@ Applicability to Non-English or Non-Structured Data: The method was only validated using
structured, English-language VAERS data and may require adaptation for international
pharmacovigilance databases or unstructured/noisy narrative fields.
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FUTURE SCOPE

Integration with Deep NLP and Embedding Methods: Future work can examine how EOSRUS performs when
the feature space is derived from contextualized embeddings (e.g, BERT, BioBERT) or hybrid
representations. This might yield synergistic improvements for classifying complex textual reports.
Automated Window Tuning: Developing adaptive or meta-learning frameworks to optimize the outlier
window (W) dynamically—possibly through Bayesian optimization or reinforcement learning—would
generalize the method and reduce manual tuning overhead.

Application to Multi-Class & Hierarchical Outcomes: Extending and benchmarking EOSRUS for multi-class
classification tasks (beyond binary outcomes) and rare-syndrome signal detection would enhance its utility in
broader pharmacovigilance applications.

Explainability and Robustness Analysis: Investigating the interpretability of EOSRUS models, such as
understanding which types of adverse events are most affected by outlier removal, and their robustness to
adversarial or mislabeled samples, is an essential next step.

Adaptive Data Drift Handling: Adapting the method for streaming data environments, supporting continuous
model updating, and explicitly addressing concept drift in VAERS-like datasets would increase its real-world
applicability for ongoing vaccine safety monitoring.

Cross-Dataset and Cross-Region Validation: Evaluating EOSRUS across different countries’ reporting systems
or temporal slices of VAERS data would test its generalizability and inform best practices for global vaccine
pharmacovigilance. In conclusion, while EOSRUS offers a practical and effective solution for imbalanced post-
vaccination event classification in VAERS, these limitations and directions set the stage for future
enhancements that will increase both the robustness and interpretability of automated vaccine safety
analytics.
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